In the template matching of finger vein recognition, the probe will be accepted if the number of its overlapped vein points with the enrolled user is larger than the predefined threshold. However, the acceptance may be false owing to ignoring the structure of the vein pattern. We find that local vein branches near the bifurcation point of vein pattern vary largely between the imposter images. So, this paper tries to explore this kind of local vein structure to improve the recognition performance of the template matching. The bifurcation point and its local vein branches, named tri-branch vein structure, are extracted from the vein pattern, and fused with the whole vein pattern by a user-specific threshold-based filter framework. The experimental results on two public databases prove the effectiveness of the proposed framework for improving the performance of vein pattern-based finger vein recognition.
I. INTRODUCTION
Finger vein recognition employs vein pattern on the finger palmar side in identity authentication. The vein pattern is generally captured by the near-infrared light, as the light can be intensively absorbed by the hemoglobin in the vein but easily transmit other finger tissue [1] . As an internal physiological characteristic, finger vein has higher security over other external biometric traits (e.g., face and fingerprint) owing to difficulty in copy or steal the trait [2] . In addition, another distinct advantage of finger vein is the living body identification, which means only the vein in a living finger can be captured [3] . Recent years, finger vein recognition has attracted lots of attention and achieved some promising recognition performance [4] - [8] .
In finger vein recognition, the existing feature extraction methods can be classified into two groups, i.e., non-vein pattern based methods and vein pattern based methods. The first kind of methods extract features from the whole finger vein image regardless of the difference between vein pattern and non-vein region, including typical local features (e.g., local binary pattern (LBP) [9] , local line binary pattern (LLBP) [10] , efficient local binary pattern (ELBP) [11] and discriminative binary codes (DBC) [8] ) and global features (e.g., principal component analysis (PCA) [12] , superpixel-based feature [4] and competitive coding [5] ). The superpixel-based feature (named superpixel histogram feature) is given in Fig. 1 to illustrate the feature extraction of the non-vein pattern based methods.
However, the second kind of methods only use the extracted vein pattern or its feature in recognition. As only vein pattern, without non-vein region, is used, vein pattern based methods are believed to explore the intrinsic finger vein recognition. The vein pattern extracted from one finger vein image by Gabor filters is also given in Fig. 1 . The vein pattern extraction methods were developed based on the imaging characteristic of finger vein that the gray value of vein point is lower than its neighbor non-vein points [1] . These methods can be classified into three groups according to the value used in vein point detection:
1) Gray Value Based Methods: This kind of method employed the distribution of gray values to detect vein point, such as, repeated line tracking [13] , [14] , region growth [15] , and wide line detector (WLD) [16] . The difference is that, the considered gray values are from the cross-sectional profile of the current point in the first two methods, and the values are from the circular neighborhood region in the last method. 2) Curvature Value Based Methods: There are four typical methods in this kind, i.e., maximum curvature point [17] , adaptive curve transformation [7] , anatomy structure analysis-based vein extraction (ASAVE) [18] and mean curvature [19] . The first three methods used the curvature values of one-dimensional cross-sectional profile, and the last one employed the curvature values of two-dimensional neighborhood region. It's worth mentioning that the vein network and vein backbone are both extracted from the vein pattern and further fused in the similarity measurement [18] . 3) Convolution Response Based Methods: Gabor filters were used in [6] for vein pattern extraction, in which the Gabor templates were designed firstly, and then the convolution response values of the templates on finger vein image were employed to detect the vein pattern. The similarity of the extracted vein patterns was generally measured by the template matching [6] , [13] - [19] , in which the ratio of overlapped vein points between the enrolled and probe vein patterns to all enrolled vein points was seen as the similarity score. Recently, some methods were proposed to further extract features from the vein pattern (e.g., histogram of oriented gradient (HOG) [20] , neighbor pattern coding (NPC) [21] , region based axis projection (RAP) [22] ), and performed the similarity measurement based on these extracted vein features. This paper focuses on the recognition performance improvement of the template matching. In template matching, the probe image is accepted if its overlapped vein points with the enrolled image are more than the predefined threshold. However, the acceptance may be false as the structures of the probe vein pattern and the enrolled vein pattern may be different even with a large number of overlapped vein points. Therefore, the vein structure may have the capacity to enhance the template matching.
In this paper, the vein structure near the bifurcation point of vein pattern, named the tri-branch vein structure, is explored and employed to improve the performance of template matching by the proposed user-specific threshold based filter framework. The tri-branch vein structures are extracted from the whole vein pattern with the help of vein network. In the first level of the framework, the structures are used to filter some imposter images by user-specific threshold (i.e., the minimum genuine score of each user). In the second level, the whole vein pattern is employed to give the recognition result in the reduced matching space.
The rest of the paper is organized as follows. The assistance of vein structure to the template matching is analyzed in Section II. Section III presents the proposed filter framework. The experimental results and analysis are given in Section IV. Finally, the paper is concluded in Section V.
II. PROBLEM ANALYSIS
To assist the template matching by the vein structure, we need to deal with two issues:
A. THE USABILITY OF THE VEIN STRUCTURE
The vein structure is extracted from the vein pattern, but the vein pattern was used in the template matching. So, does the assistance of the vein structure to the template matching work, or is it the second usage of vein points in the assistance of the vein structure. This issue is analyzed in the following.
As we introduced, the number of the overlapped vein points between two vein patterns is used as the similarity score in the template matching. In other words, this kind of similarity measurement method is point-wise, and the relationship between neighboring points is not considered. Assuming there are two vein points p(x, y) and p(x+1, y+1) in the probe vein pattern. The point p(x, y) is matched with the p (x, y) of the enrolled vein pattern, but it is doubtful whether the matched point can be found for the point p(x +1, y+1) or not. So, for one vein branch, only a local vein segment or a local portion may be matched.
Two examples are illustrated in Fig. 2 . Two imposter vein patterns in Fig. 2b are falsely classified as the genuine. The rectangles with same color have same position in the images. In the first example labeled by the blue rectangle, the upper portion of the vein branch, in first image of Fig. 2b , is matched with the lower portion of the vein branches, in second image of Fig. 2b , and the matched vein points are labeled in Fig. 2c . Although some vein points are matched, the structure of these two vein branches are totally different. There is a single vein branch in first image of Fig. 2b , but there are a bifurcation point and its three vein branches in second image of Fig. 2b . In the second example labeled by the red rectangle, the overlapped vein segment in Fig. 2c is from one vein branch in first image of Fig. 2b , which has about 135 • angle with the horizontal line, and one vein branch in second image of Fig. 2b , which is almost parallel with the horizontal line. These two branches have different growth orientation, and were connected with different bifurcation points.
Hence, the structure is broken in the point-wise template matching, and it is meaningful to explore vein structure to enhance the recognition performance of the template matching.
B. THE DISCRIMINATION OF THE VEIN STRUCTURE
In the assistance of the vein structure to the template matching, how much the assistant ability does the vein structure have, and how to powerfully use the vein structure.
Two imposter vein patterns, falsely classified as the genuine, and their non-overlapped vein points are shown in Fig. 3 . As the number of overlapped vein points between two vein patterns is big, they are falsely classified as the genuine. However, the local vein branches of the bifurcation point, labeled by the rectangles, are not overlapped. In addition, the distribution of these branches vary largely between two imposter vein patterns, and the orientations of the vein branches of one bifurcation point in one vein pattern are different from that of the bifurcation point in another vein pattern. Therefore, this kind of local vein structure may have the capacity to filter the imposter images. However, the bifurcation point and its local vein branches are both considered in the template matching, in which the false acceptance of the imposter vein pattern is not avoided. The main reason is that, the number of vein points in this kind of local vein structure is much smaller than the number of the rest vein points, and the number of matched vein points among the rest vein points is larger than the predefined threshold. So, the discrimination of the bifurcation point and its local vein branches is discounted, or even broken totally in the number of matched points based similarity measurement. Extracting the bifurcation points and their local vein branches, and employing them independently of other vein points may be a better way to explore their discrimination.
Unfortunately, the discrimination of the vein structure is also affected by the image quality. In image acquisition, the low quality image cannot be completely avoided owing to the bad imaging device, the personal factor, and the imaging environment [23] , [24] . In low quality image, some vein branches are not captured, or the gray contrast between vein pattern and non-vein region is low, which results in the failure of the vein branch extraction. If the vein branch cannot be extracted from the finger vein image, the vein structure will be broken to some extent, and its discrimination will be reduced.
III. PROPOSED FILTER FRAMEWORK
Based on the above analysis, the bifurcation point and its three local vein branches may be powerful in the assistance to the template matching. We name one bifurcation point and its three local vein branches as the tri-branch vein structure in this paper. The structure will be extracted from the vein pattern and used to assist the template matching. In addition, to deeply explore the discrimination of the structure, the structure should be used independent of other vein points. A two-level filter framework is developed to achieve this purpose.
Here, the proposed two-level filter framework is presented. As shown in Fig. 4 , the tri-branch vein structure is used in the first level of the framework to filter the imposters and give the candidates for the probe. Affected by the image quality, the inter-class similarity of the tri-branch vein structures varies largely among different users. For one user, the similarity score of the tri-branch vein structures from two genuine images is 0.6, but the score may be 0.3 for another user. So, the user-specific thresholds, not one common threshold, are used in filtering. In the second level of the framework, the whole vein pattern is used in the matching of the probe and the candidates, given by the first level, and the recognition result will be returned.
The reasons of using the tri-branch vein structure, instead of the whole vein pattern, in the first level of the framework are twofold. Obviously, the tri-branch vein structure spends less time cost and space cost than the whole vein pattern in matching. More importantly, the orientation of branches and the angles between two branches in one structure, and the distribution of multiple structures in vein pattern vary largely in impostor vein patterns.
In addition, two keypoints in the framework are needed to be explained in detail, i.e., how to define and extract the tri-branch vein structure, and how to define the user-specific threshold and use it to filter the imposters. In the following, we mainly explain these two questions.
A. TRI-BRANCH VEIN STRUCTURE EXTRACTION
As previously introduced, local vein branches near the bifurcation point vary largely between the imposter images. Here, we extract and employ the bifurcation and its branches to improve the performance of vein pattern based method. As the bifurcation point detection and vein branch tracking in multiple-pixel wide vein pattern are hard, the tri-branch vein structure is extracted with the aid of single-pixel wide vein network, i.e., the thinned vein pattern. Fig. 5 illustrates the extraction of the tri-branch vein structure. Main steps in the structure extraction are presented as follows:
1) THINNING AND DENOISING
The single-pixel wide vein network is extracted from the vein pattern by the morphological thinning operation. In the vein network, the intersection of the burr and vein branch can be mistakenly seen as the bifurcation point. So, we detect and remove the burr based on its length, as the burr is much shorter than the real vein branch.
2) BIFURCATION DETECTION
Generally, there are three connected vein branches to one bifurcation point. In other words, the switching number between 0 and 1 in the eight neighbor points of the bifurcation is six. Based on this, the bifurcation detection method is designed. Assuming the current point and its eight neighbor points are denoted by p(x, y) and P = {p 1 , p 2 , . . . , p 8 } respectively. The point p(x, y) is seen as a bifurcation, if N s is equal to 6, which is defined as follows:
3) BRANCH TRACKING
Three nonzero neighbor points can be detected for one bifurcation point, and these neighbors are the initial points of three vein branches. Once the initial point is found, each local branch of the bifurcation can be tracked point by point until its length is equal to 15 points. Based on the first three steps, the single-pixel wide tribranch vein structure (i.e., the bifurcation and its local branches) is detected. The more robust multiple-pixel wide structure will be achieved by the following one step.
4) MORPHOLOGICAL DILATION AND DOT PRODUCT
The morphological dilation operation is performed on the single-pixel wide tri-branch vein structure, in which the structuring element is a 8×8 matrix with element value 1. The dot product between the dilated structure and the whole vein pattern is conducted to obtain the map of tri-branch vein structures.
B. USER-SPECIFIC THRESHOLD BASED FILTER
This section presents the learning of the user-specific threshold and the usage of the threshold to filter the imposters. The tri-branch vein structure is employed to filter the imposters for the probe image in the first level of the proposed framework, but the false rejection of genuine image should be avoided as much as possible. Therefore, the minimum genuine similarity score of training images may be a reasonable filter threshold. If the probe user has lower similarity score with one enrolled user than the minimum genuine score of the enrolled user, the probe is seen as imposter to the enrolled user. If the similarity score is larger than the minimum genuine score, the probe may be genuine to the enrolled user and will be further matched in the second level.
Generally, a common threshold (i.e., the minimum genuine score of all users) is used for all enrolled users to filter the imposters. However, in tri-branch vein structure based filter, it may be not a good choice. The main reason is that the genuine score of the structure varies largely from one enrolled user to another. In detail, this kind of local structure is sensitive to the image quality and finger displacement, which may cause very low genuine score. We give one example about two genuine finger vein images in Fig. 6 . The image quality varied between these two images, and there are image translations on X-axis and Y-axis both. In detail, the vein pattern in the upper left quadrant of the second image in Fig. 6a is very blurry, resulting in the false extraction of vein pattern in the red rectangle of the second image in Fig. 6b . By comparing the tri-branch vein structures labeled by the red circle in the upper left quadrant of two images in Fig. 6c , we find that these structures cannot be matched successfully. In addition, in comparison of the blue rectangles of two images in Fig. 6b , we also found that two vein branches are not extracted from the second image in Fig. 6b , resulting in the missing of two tri-branch vein structures in the second image of Fig. 6c . What's worse, even if only one enrolled user has low genuine score, the common threshold will be low, which may be smaller than most of imposter scores and cannot filter imposter effectively.
Considering that the importance of matching score output by each biometric trait vary with the user, the user-specific weights are used to fuse multi-traits for different users in a multibiometric system [25] . Inspired by the user-specific weight, the user-specific threshold is learned and used to filter the imposters in our framework. The minimum genuine score among multiple images of one enrolled user is used as the threshold only for this user. The user-specific thresholds are learned from the training images. Assuming there are N enrolled users in the database, and each enrolled user has m training images. In training step, the similarities of any two images among m training images are measured for each user, and the minimum value of C 2 m similarity scores will be used as the threshold for each user. Therefore, there are totally N thresholds for N enrolled users.
Based on the user-specific thresholds, the filter of the imposters can be conducted in the first level of the proposed framework. If the probe has lower similarity score with one enrolled user U i than the threshold of this user T i , the probe is seen as imposter, otherwise, the probe will be further matched with this user in the second level. The user-specific threshold based filter is detailed in Algorithm 1.
One example is taken to explain the advantage of the userspecific threshold over the common threshold. Assuming the minimum genuine scores of user A and user B are 0.65 and 0.35 respectively. The matching scores of the probe with user A and user B are both 0.5. Based on the common threshold (i.e., 0.35), these two users both cannot be filtered for the probe, as the matching score (i.e., 0.5) is bigger than the threshold, and the probe may be genuine with these two users. However, based on the user-specific threshold, user A can be successfully filtered as the matching score between user A and the probe is smaller than the minimum genuine scores of user A (i.e., its threshold 0.65).
Algorithm 1 User-Specific Threshold Based Filter Algorithm

Inputs: The enrolled structure maps
, and the probe structure map M pro Output: The candidate vector C 1:
Filter the enrolled user i; 5:
Add user number i into vector C 7:
End if 8: End for 9: Return the candidate vector C
IV. EXPERIMENTS A. EXPERIMENTAL SETTINGS
The effectiveness of the proposed framework is assessed on two open finger vein databases from the Hong Kong Polytechnic University and Shandong University (abbr. HKPU database and SDU database in the following).
• HKPU database [6] . In this database, each of the first 210 fingers has 12 images, captured in two sessions, and each of the last 102 fingers has 6 images, captured in one session. All images are 8-bit gray level BMP file with a resolution of 513×256 pixels. In our experiments, all images are are preprocessed by the method in [6] .
• SDU database [26] . This database contains 636 fingers, each with 6 images, captured in one session. The images are an 8-bit gray level BMP file with a resolution of 320×240 pixels. In our experiments, the images are preprocessed by our prior image preprocessing method [27] , [28] . The template matching based similarity measurement is used in both the first level and the second level of the framework, and the vein pattern alignment is considered in the template matching by the maximal matched pixel ratio method as the existing vein pattern based literatures [6] , [18] . Noting that the elastic matching (i.e., an improved version of the template matching) is used for the ASAVE method [18] owing to the single-pixel wide vein network is used in recognition. In addition, half images of each finger are used to learn the user-specific threshold, and the remainder are used as the testing images.
B. EVALUATION OF PROPOSED FRAMEWORK
The first experiment is conducted to ascertain the performance improvement using the proposed framework. The images captured in the first session on HKPU database (i.e, 1,872 (312×6) images) and all images on SDU database are used, in which the first three images of each finger are used for the threshold learning and others are used for performance testing by three-fold cross validation. There are 936 (312×3) genuine matchings and 291,096 (312×311×3) imposter matchings on HKPU database and 1,908 (636×3) genuine matchings and 1,211,580 (636×635×3) imposter matchings on SDU database. In addition, the vein patterns extracted by six different methods (shown in the first column of the tables) are considered. We measure the performance of the tri-branch vein structure, the whole vein pattern and the two-level framework. The experimental results, using the equal error rate (EER) and the ratio of filtered imposters to all enrolled users, are reported in Table 1 and Table 2 .
The experimental results from these two tables suggest the performance improvement from the proposed two-level filter framework. The improved performance is mainly attributed to the combination of the tri-branch vein structure and the user-specific threshold. The EER values of the tri-branch vein structure show that, the structure cannot be used solely in recognition, but it has potential to assist the whole vein pattern. In addition, there is nearly no advantage of the common threshold based framework over the whole vein pattern. However, the user-specific threshold based framework improves the recognition performance, which proves the effectiveness of the user-specific threshold for filtering imposters and avoiding false acceptance.
The results also reveal that the number of imposters filtered by the common threshold is much smaller than it of the userspecific threshold. The low genuine scores of some users make the common threshold smaller than lots of similarity scores between the probe and the enrolled users, in which these enrolled users may be genuine to the probe and cannot be filtered. What's worse, the minimum genuine score of some users may be zero, as no tri-branch vein structure can be extracted from some low quality images of these users, resulting in zero filtered imposter.
C. COMPARISON WITH VEIN FEATURE BASED RECOGNITION
Secondly, the comparison between some vein features (i.e., HOG, RAP and NPC) and the proposed framework is performed. The images used in this experiment and the matching number are same with the experiment in previous subsection. The compared features are extracted from the vein patterns detected by four different methods (shown in the first column of tables). The EER values on HKPU database and SDU database are respectively listed in Table 3 and Table 4 .
The tables shows that the proposed framework achieves the best performance. The main reason for such good performance lies in the fusion of local tri-branch vein structure and global vein pattern. More specifically, the tri-branch vein structure in the first level of the proposed framework successfully filters a large number of imposters, avoiding the false acceptance of imposters and promoting the recognition of genuine images in the second level of the framework, therefore the EER values on two databases decrease both. However, the compared three methods only use the feature of the whole vein pattern in recognition. In addition, the histograms of HOG and RAP are the statistic feature of vein pattern, the topology structure of vein pattern is ignored to some extent.
D. COMPARISON WITH TYPICAL FINGER VEIN RECOGNITION METHOD
Thirdly, the comparison between the typical finger vein recogntion methods and the proposed framework is performed on HKPU database. This comparison is firstly performed on the images captured in the first session by three-fold cross validation, generating 936 (312×3) genuine matchings and 291,096 (312×311×3) imposter matchings, and then performed on the images captured in two sessions by six-fold cross validation, generating 1,260 (210×6) genuine matchings and 263,340 (210×209×6) imposter matchings. The compared methods consist of the non-vein pattern based methods (i.e., superpixel-based feature [4] , competitive coding [5] , DBC [8] , LBP [9] , LLBP [10] and ELBP [11] ) and the vein pattern based methods (Gabor filters [6] , fusion-based method [14] ). The experimental results on the first session images and two session images are given in Table 5 and  Table 6 respectively.
We can see from the experimental results that, the proposed two level filter framework achieves better performance than the considered other methods. Compared with the non-vein pattern based methods, the proposed framework only use the vein pattern and its structure, without non-vein region, which can avoid the bad effect of the noises in non-vein region to the recognition performance. Although the considered vein pattern based methods also do not employ the non-vein region as the proposed framework, but the structure of the vein pattern is not used. In the proposed framework, the tri-branch vein structure filters lots of imposters in the first level, which is very helpful to prevent the false acceptance of the imposters in the second level, and further to enhance the recognition performance. In addition, the recognition performance of the involved methods on two sessions images is inferior to it on first session images. It is mainly attributed to the larger image variations (e.g., the image quality and the finger displacement) between images captured in two sessions.
E. TIME COST MEASUREMENT
Lastly, the time costs of main steps in the tri-branch vein structure extraction are measured in this section. The experiment is performed by MATLAB2012 on a PC with CPU 3.60GHz and 12.00G memory. The first image of each of 312 fingers in HKPU database and the first image of each of 636 fingers in SDU database are both used, and the vein pattern used for the tri-branch vein structure extraction in this experiment is extracted by Gabor filters [6] . The average time cost of each image in each involved step is summarized in Table 7 . From the table we can see that, the time cost of the structure extraction is very small on two databases. The first step in structure extraction, i.e., thinning and denoising, costs a great part of time. The main reason is that the deburring in denoising is performed twice owing to there are lots of burrs in the vein network extracted from low quality image. Moreover, the time cost of each image on SDU database is nearly half of that of each image on KHPU database. The main reason is that, the image on SDU database (i.e., 320×240 pixels in size) is much smaller than it on HKPU database (i.e., 513×256 pixels in size).
V. CONCLUSION
In this paper, we find the vein structure has ability to assist the template matching based vein pattern recognition, and propose a two-level filter framework to combine the vein structure and vein pattern. Specifically, the bifurcation point and its local vein branches, named the tri-branch vein structure, are employed to enhance the performance of the template matching in the two-level filter framework. The combination of the tri-branch vein structure and the user-specific threshold in the first level of the framework is more powerful in filtering imposter images, and more robust to image quality and finger displacement than the common threshold based filter. In addition, the fusion of the local vein structure and the whole vein pattern in the framework avoids lots of false acceptances, and speeds up the recognition to some extent. The experimental results demonstrate that the proposed two-level filter framework outperforms the old vein pattern based methods and the typical non-vein pattern based methods. 
